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Abstract. In this paper we present a method dedicated to hand tracking
in sign language scenes using particle filtering. A a new penalisation
method based on the optical flow mechanism is introduced. Generally,
particle filters require the use of a reference model. In this paper we have
introduced a new method based on a dictionary of visual references of
hand to constitute the reference model. The evaluation of our method
is performed on the SignStream-ASLLRP database on which we have
provided ground truth annotations for this purpose. The obtained results
show the accuracy of our method.
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1 Introduction

In this article we propose a method for hand tracking in sign language scenes.
Hand gestures are characterised by frequently changing hand configuration (fin-
gers and palm pose) and random motion [13], thus requiring a robust and accu-
rate tracking method.

Particle filter [3, 10] is a state-of-the-art framework based on a probabilistic
predictive tracking formalism that has shown to be efficient in various appli-
cations as sports tracking [6, 16], face and hand tracking [1, 4, 11] and vehicle
tracking [5]. Prediction is based on a Markovian motion model, and an iterative
Monte Carlo weighted Sampling applied on a set of particles. Particles are the
target region hypotheses, typically points, bounding boxes or more complex geo-
metrical models. Particle filters are based on three essential models: observation
model which weights particles according to the associated extracted measure-
ments, reference model which is a reference representation of the tracked object,
and motion model according to which particles are propagated. In this paper,
we present a contribution to each of these stages which we introduce in the
condensation implementation [4] of a particle filter.



2 S. Belgacem et al.

Our main contribution is the integration of estimated and observed motion
information in the motion model and the observation model. Indeed, the ran-
dom aspect of hand gestures in sign language scenes makes it difficult to use
predefine motion models. In this respect, Bhandarkar et al. and Yao et al. [1, 16]
have introduced an optical-flow-based velocity term to the classic equation of the
particle filter motion model. Optical-flow technique is known for its robustness
against luminosity variations and deformations of the tracked object shape [1].
In the case of multiple objects moving in the same sequence, this observed ve-
locity term becomes ambiguous. We propose to integrate similar information in
the motion model based on the estimated position provided by the filter and
weighted by a global observation deduced from optical-flow. The dominant hand
in sign language has mostly the dominant motion in the scene. Then, a global
velocity observation is highly influenced by dominant hand motion. Optical-flow
observation can also be exploited locally to enhance the observation model. In
fact, particles which move against the observed flow should be penalised. We pro-
pose a new method to apply this optical-flow local penalization by re-weighting
particles.

In the framework of particle filtering, particles weights are iteratively com-
puted using the observation likelihood. This observation likelihood is generally
estimated thanks to a distance between a particle associated observation and
the reference model. The reference model can be determined by either an initial
detection [15] or an off-line learning process [9]. The first strategy is highly sen-
sitive to deformations of patterns while the second requires an annotated data.
We design a new method to automatically build a reference model. It is based
on the construction of a vocabulary of the tracked object images thumbnails
(figure 1) with different configurations, collected from the sequence in which the
object will be tracked afterwards. In addition, our observation model is based
on features invariant to deformation.

The outline of our paper consists of three sections. Section 2 introduces our
observation and reference models. Section 3 explains our motion model and
optical-flow penalisation at the global and local levels. Section 4 presents the
experiments conducted and the evaluation results.

2 Particle filter

In this study, a particle Xi (i ∈ {1, . . . ,N}) is associated to a bounding box
defined by pi = (x, y) the particle position in the image and si = (w, h) its
width and height. N is the number of particles. A weight πi is associated to
each particle and is proportional to the observation likelihood P (Y i|Xi) where
Y i is a features vector associated to a particle Xi. Finally, for a given frame t,
the estimated position X̂t of the target T is the barycentre of the set of particles.
In our case, the target T is the right hand.

Next in this section, we detail our reference and observation models involved
in the particle filter.
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2.1 Reference model : hand vocabulary

Since the hand is a deformable object, its appearance changes very often in
the images. We, therefore, chose to use a vocabulary of hand appearances as a
reference model (see Figure 1).

Fig. 1. Sample from hand vocabulary automatically extracted from a sequence

This vocabulary is built automatically off-line from the video sequence S

as follows. We first use the well-known and robust face detection method of
Viola and Jones [14] to localise the face in the first image of S. This allows
for extracting a prior information about the colour range (i.e., histogram) of
the skin. Then, we extract skin blobs from the whole images using histogram
back-projection and CamShift [2] algorithms. Afterwards, using some geometric
assumptions, we select the most likely blobs standing for the right hand which
is our target object T. It is worth noticing that we do not retain ambiguous
configurations such as hand intersections or when the right hand is very close
to the face. Finally, we end up with a set of cropped images of the hand to be
tracked over the sequence S. Note that this method of skin blob detection is also
used to localise the hand in the first image of S and initialize the filter.

The set of cropped images represent our hand vocabulary. We associate a
reference feature vector Y R to this vocabulary. Y R is the average of the feature
vectors of all the cropped images.

2.2 Observation model

The observation model allows the filter to compare a given particle Xi with the
reference model so that a weight πi is computed according to its similarity to
the model.

Selected features. The most important features for hand tracking are colour and
shape. The colour is a classic feature used in the observation model of particle
filters for tracking. The hand is characterised by a skin colour range. In our case,
the skin colour histogram is represented in the HSV colour space as is very often
used [12].

In sign language scenes, colour features are not sufficient to discriminate
between the hand and the face. Therefore, we additionally consider two com-
plementary shape descriptors namely, Hu and Zernike moments. Hu moments
are invariant with respect to translation, scaling and symmetry of shapes while
Zernike moments are invariant with respect to rotation.
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Observation likelihood. Following the Condensation algorithm, πi = P (Y i|Xi)
∀ i ∈ {1, . . . ,N}. We compute these weights using equation (1) which has a
simple form that we define.

P (Y i|Xi) =

m∏
l=1

(
1

1 +Dl(Y i, Y R)

)cl

(1)

In equation (1), m is the number of features, cl ∈ R+ is used to give im-
portance to some features, Dl measures a distance for the feature l between the
feature vector Y i of a particle i and the feature vector Y R of our reference model.
There is a specific Dl for each feature l.

We present in the next section our motion model and optical-flow penalisa-
tion.

3 Optical flow penalisation

Our goal is to integrate in the particle filter information about motion. First,
we compute an optical-flow map Ψt for each frame t of S using Lucas-Kanade
method [7]. Then, the integration is done at two levels: particles weights and
particles motion model.

3.1 Velocity and particles re-weighting

The idea here is to penalise particles which are moving against the observed flow.
To do so, we characterise each particle Xi

t with νi
t which is the median velocity

computed from the corresponding Xi
t window in the Ψt map. The optical-flow

penalisation of particles with νi
t is done via a kind of weighting term ξit which

we define as follows:

ξit =
1

1 + λi
t

[cos(ρ̂νi
t, ṗ

i
t)]

τ i
t . (2)

In the equation (2), ṗit is the particle displacement vector, ρ = δt, and λi
t and τ it

values are defined in the table 1 according to conditions on optical-flow obser-
vation νi

t and the associated particle displacement ṗit.

Table 1. (λi
t, τ

i
t ) values according to conditions on optical-flow observation and the

associated particle displacement

Conditions
condition 1 condition 2 condition 3 condition 4
∥ρνi

t∥ = 0
AND

∥ρνi
t∥ = 0

XOR
∥ρνi

t∥∥ṗit∥ ̸= 0

∥ṗit∥ = 0 ∥ṗit∥ = 0 cos(ρ̂νi
t, ṗ

i
t) ≤ 0 cos(ρ̂νi

t, ṗ
i
t) > 0

(λi
t, τ

i
t ) values (0, 0) (Λ, 0) (Λ, 0) (|(∥ρνi

t∥, ∥ṗit∥)|1, 1)
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In table 1, | |1 stands for L1-norm, Λ ∈ R+ is an empirical value which
should be chosen big enough to make ξit tends to 0. In the case of condition 1,
the particle Xi and the associated observed flow νi

t are stationary, then Xi is
not penalized. In the case of conditions 2 and 3, Xi and νi

t have opposite states,
then Xi is maximally penalized. In the case of condition 4, Xi and νi

t have
the same orientation, then Xi is only penalized by the velocity value difference

|(∥ρνi
t∥, ∥ṗit∥)|1 and the direction difference cos(ρ̂νi

t, ṗ
i
t).

ξit is then used to re-weight particles as follows: π′i
t = πi

tξ
i
t, where π′i

t is the
new weight of a particle Xi

t . Afterwards, particles are sampled according to π′i
t .

This first integration of optical-flow is qualified as local penalisation. Next, we
present our motion model with an optical-flow global penalisation.

3.2 Velocity and particles motion model

The classic particle motion prediction equation according to the condensation
algorithm is:

Xi
t = AXi

t−1 +BRi
t. (3)

In the equation (3), A is the transition matrix, Ri
t is a random vector and B is a

random walk matrix. In our case, A and B are constant. As explained before, the
signing hand motion model should be more elaborated to improve the tracking.
Thus, we keep the classic prediction equation (3) and we introduce the velocity
and acceleration of the filter estimation X̂t−1 as follows:

Xi
t = AXi

t−1 +BRi
t + αt

 ˙̂pt−1

0
0

+ βt

 ¨̂pt−1

0
0

 (4)

In equation (4), ˙̂pt−1 and ¨̂pt−1 are respectively the displacement vector and
the acceleration vector computed from the previous estimated positions, αt and
βt are two 4 × 4 diagonal matrices gathering coefficients to weight the filter
velocity and acceleration respectively. We define them as follows:

αt =


ϑ̄(Ψx

t )

maxj ϑj(S)
0 0 0

0
ϑ̄(Ψ

y
t )

maxj ϑj(S)
0 0

0 0 0 0
0 0 0 0

 βt =


γ̄(Ψx

t )

maxj γj(S)
0 0 0

0
γ̄(Ψ

y
t )

maxj γj(S)
0 0

0 0 0 0
0 0 0 0


where ϑj(Ψx

t ) is the absolute value of the x-axis velocity component for a pixel j
(resp. y-axis), and γj(Ψx

t ) is the absolute value of the x-axis acceleration compo-
nent for a pixel j (resp. y-axis). Taking into account both velocity and accelera-
tion estimations in the motion model allows the generated particles to smoothly
follow up T and to handle severe motion variations, respectively. By computing
αt and βt from the whole velocity and acceleration maps, we handle the global
motion in the scene. In fact, if the global motion is important in the scene,
those coefficients will have important values, whereas, if the global motion is
attenuated, those coefficients will have small values.
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4 Experiments and results

4.1 Experiments

Evaluated systems. In order to assess the robustness of our method and to show
the contribution of its components, we propose to compare four configurations of
the particle filter, namely, PF, VPF, 2VPF, and 3VPF. PF is the classic particle filter
using only the observation model presented in section 2.2. VPF is the PF with
the use of a reference vocabulary. 2VPF integrates the estimation velocity and
acceleration to VPF. In that case, αt and βt have constant values determined ex-
perimentally. Finally, 3VPF is the whole approach adding the optical-flow global
and local penalisation to 2VPF. The particle filter parameters are the same for
the four systems, namely, N equals 100, A is the identity matrix, and B and cl
are experimentally determined.

Experimental data and evaluation criteria. We performed Hand tracking ex-
periments on the American sign language database SignStream-ASLLRP [8]. It
consists of four videos containing between 1310 and 5046 frames acquired in a
recording studio. Their capturing rate is between 30 and 32 fps. Frames size is
between 288×216 and 320×240. There is no constraints on signers clothes. We
tuned our system parameters on S1, S2, and S3 video sequences, and we used S4
sequence for the evaluation. We build ground-truth data for these four videos
by manually drawing a bounding box G on the dominant hand (the object to
track) in all frames. From these drawings, we get for each frame, Gp the ground
truth position of the hand and Gs its area. Our evaluation criteria are based on
two measures: an error measure ϵ̄ (equation (5)) and the Jaccard index which
is a ratio ϱ̄ indicating the degree of overlap between the filter estimation X̂ and
the ground truth G (equation (6)). ϵ̄ measures T position tracking accuracy and
ϱ̄ measures T region tracking accuracy. |S| stands for the number of frames in a
sequence S.

ϵ̄ =
1

|S|

|S|∑
t=1

||p̂t − Gp,t|| (5)

ϱ̄ =
1

|S|

|S|∑
t=1

X̂t ∩ Gt

X̂t ∪ Gt
(6)

4.2 Results

Table 2 shows the results on the same S4 video according to ϵ̄ and ϱ̄ measures.
PF ϱ̄ value is too small because the filter is totally distracted by the face and
sometimes attracted by the hand when it passes closely. However, a clear progress
is noticed between PF and VPF. This progress proves the contribution of our ref-
erence model. Table 2 shows also the contribution of our complete system 3VPF,
particle filter with optical flow penalisation. Clearly, it improves tracking perfor-
mance. Moreover, figure 2 shows that the integration of velocity and acceleration
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Table 2. Filter estimation position average error (ϵ̄) and matching average ratio (ϱ̄)
for S4:1310 frames

PF VPF 2VPF 3VPF

ϵ̄ 54.28 31.82 29.23 21.22

ϱ̄ 0.004 0.279 0.315 0.369

within 2VPF and 3VPF systems enables the filter to follow fast and random vari-
ations of T motion compared with classic PF and VPF which seems to generate
monotonous motion. Figure 2 shows also that our 3VPF system has the ability
to follow even acute motions of the hand. In fact, optical flow prohibits parti-
cles from moving on motionless zones and adjust in some way their orientation.
Then particles are further concentrated on moving objects. Thus, with adequate
observation model and reference model, particles track the right target.

Fig. 2. x-coordinates and y-coordinates of the filter estimation along 120 frames of S4
(for the sake of clarity) for our four systems

5 Conclusion

We presented in this paper a hand tracking method based on a modified con-
densation algorithm and optical flow penalisation. The experiments done on an
annotated database show the performance of our method compared to classic
particle filter schemes. Nevertheless, we still have to improve our method so that
it can handle multiple object tracking and occluded object.
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